Abstract Sampling from very large spatial populations is challenging. The solutions suggested in recent literature on this subject often require that the randomly selected units are well distributed across the study region by using complex algorithms that have the feature, essential in a design-based framework, to respect the fixed first-order inclusion probabilities for every unit of the population. The size of the frame, N , often causes some problems to these algorithms since, being based on the distance matrix between the units of the population, have at least a computational cost of order N 2 . In this paper we propose a drawby-draw algorithm that randomly selects a sample of size n in exactly n steps, updating at each step the selection probability of not-selected units depending on their distance from the units already selected in the previous steps. The performance of this solution is compared with those of other methods derived from the spatially balanced sampling literature in terms of their root mean squared error (RMSE) using the simple random sampling (SRS) without replacement as benchmark. The fundamental interest is not only to evaluate the efficiency of a such different procedure, but also to understand if similar results can be obtained even with a notable reduction in the computational burden needed to obtain more efficient sampling designs. Repeated sample selections on real and simulated populations support this perspective. An application to the Land Use and Land Cover Survey (LUCAS) 2012 data-set in an Italian region is presented as a concrete and practical illustration of the capabilities of the proposed sample selection method.
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Introduction
Surveys are routinely used to gather data for environmental and ecological research. The units to be observed are often randomly selected from a population made up of geo-referenced units, and the spatial distribution of these units is information that can be used in sample design. It represents a source of auxiliaries that can be helpful to design an effective random selection strategy, which, by a proper use of this particular information and assuming that the observed phenomenon is related with the spatial features of the population, could lead to a remarkable efficiency gain of a design-based estimator of the unknown total of a target variable. In recent years, with the widespread use of the Global Positioning System (GPS) technology, of remotely sensed data, of automatic address geocoding systems and of Geographical Information Systems (GIS) databases, spatial modeling and analysis of geo-referenced data-sets have received more and more attention. The use of this particular type of data is becoming popular in several research areas including geological and environmental sciences [62] , ecology [51] , cartography [37] , public health [15] and so on. Some extended reviews of current research tendencies in spatial modeling and analysis are presented in [11, 19, 23, 25, 40, 42, 50] . At the same time it is surprising and incomprehensible the reason why, except for some attractive references on the subject [6, 44] , at least the same interest was not devoted to basic topics as spatial data collection and sample surveys selected from spatial populations, with the consequence that none of these authoritative texts addresses, unless mentioned as a border issue, the problem of sampling from spatial data-sets. To better understand the increase in the importance of spatial data, it is also appropriate to realize that is more and more frequent the practice that National Statistical Offices georeference their sampling frames of physical or administrative bodies, used for social and economic surveys, not only according to the codes of a geographical nomenclature, but also adding information regarding the exact, or estimated, position of each record. With the effect that such methodological problems are no longer felt only in local and occasional experiments, although of a high scientific level, but also in economic and social surveys that provide basic statistical figures at national and regional level. Indeed area frame surveys [6] often supported, or even replaced, the traditional methods based on list frames mainly due to the absence of coverage errors and the low probability of non-responses that they guarantee. Moreover the latest fashion in official statistics, currently considered a keyword, is the statistical use of administrative data that implies the need of estimating the coverage of administrative lists, which is often carried out through area frame surveys. Spatial surveys also present some drawbacks with regard to the reduced information that can be collected in a survey involving only a direct observation and not a questionnaire to be filled. Within this context, in [2] it is claimed that area frame surveys will play a very important role in the future development of agricultural surveys in particular in developing countries. In addition big spatial data-sets are very common in scientific problems, such as those involving remote sensing of the earth by satellites, climate-model output, small-area samples from national surveys, and so forth. The term Big Data includes data characterized not only by their large volume, but also by their variety and velocity, the organic way in which they are created, and the new types of processes needed to analyze them and make inference from them. The change in the nature of the new types of data, their availability, and the way in which they are collected and disseminated is fundamental. This change constitutes a paradigm shift for survey research. There is great potential in Big Data, but there are some fundamental challenges that have to be resolved before their full potential can be realized. A large data-set entails not only computational but also theoretical problems as it is often defined on a large spatial domain, so the spatial process of interest typically exhibits local homogeneity over that domain. The availability of massive spatial data that is becoming quite common emphasizes the need for developing new and computationally efficient methods tailored to handle such big data-sets. These problems have already been widely treated from a modeling approach and there is a lot of literature on the subject [12, 13, 35, 57] . On the contrary, the aspect of data collection, in particular the sample selection, has not yet been fully addressed. The situation becomes even more difficult to manage if we consider that these data have complex structures. The use of points, lines, polygons or regular grids to represent spatial units and their relationships is certainly more than an established practice, it is the way used in geography to simplify reality. Each data type in this list is represented by different modes and rules representing a major framework for the inherent complexity of the analysis of spatial phenomena. This complexity is related to the stage of data collection, in that various situations can arise for recording and describing a given phenomenon under alternative topologies. Reflecting on the evidence that spatial sampling algorithms can be very slow when the datasets are made up of a large amount of data, our main purpose was to propose a fast method for random selection of units that are well spread in every dimension that can therefore be used in massive surveys without creating computational problems and that, by founding its ground on an attempt to set the concepts used by different approaches to the problem, have the flexibility deriving from a model-based (MB) approach and can be safely used even by the most strong supporters of sampling from finite populations within a design-based (DB) framework. The plan of the paper is as follows. Some preliminaries and basic concepts are given in Section 2 together with some motivation to spread the sample over a spatial population. After a review of the literature on spatially balanced samples, in Section 3 is introduced a fast algorithm that, selecting well-spread samples, seeks to exploit the spatial characteristics of the population. In Section 4 the performance of the proposed method is empirically compared with some reviewed competitors by a design-based simulation study. The efficiency appraisal is evaluated in terms of the root mean squared error (RMSE) of the estimates by using the simple random sampling (SRS) as benchmark. Different estimation scenarios have been assumed for varying sample sizes and with respect to real and artificial populations characterized by different spatial distributions. Finally, in Section 5 the main results of the paper are discussed and some addresses for further research are provided.
Basic concepts and preliminaries
The adoption of a spatial model exploiting the topological nature of geographical entities can be formally tackled by introducing the following super-population model for spatial data [11] : let i ∈ R d be a generic data location in a d-dimensional Euclidean space within a region U ⊆ R d and Y i a random variable representing the potential datum for the attribute or target variable at spatial location i. Now let i vary over index set U so as to generate the random field {Y (i) : i ∈ U }. Within this model, space is featured in every respect by the set U , including topology and coordinates system, and location in U indexed by i. Notice that the data generating process can lie also over a continuous spatial domain even if, to simplify the problem, it is observed only in a selection, possibly made at random, of fixed points or averaged over a selection of predefined polygons. Even if in this paper we will focus our attention on situations of this kind, which can be led back to usual finite population sampling, it is appropriate to underline that in natural resources monitoring and estimation, however, they cover an important part of all the possible sampling problems that arise in this field. There is a huge list of phenomena that can be observed in any site of a linear object, such as a river, or of a surface as it is for meteorological data. In these cases the resulting sample is a set of points or polygons whose possible positions are not predefined but chosen from an infinite set of possible sites. A spatial finite population U = {1, . . . , i, . . . , N } of size N is thus recorded on a frame and from the geographical position and topology of each unit i we can derive, according to some distance definition, a matrix D U = {d ij ; i = 1, . . . , N ; j = 1, . . . , N } that specifies how far are all the pairs of units in the population. The use of the matrix D U as a synthesis of the spatial information implies the hypothesis that the dependence does not change with the position of the unit i and the direction, i.e. that the random field Y i is homogeneous and isotropic [11] , i.e. its distribution does not change if we shift or rotate the space of the coordinates. D U is a very important tool to emphasize the importance to spread the sample over U , a property that can be related, through a variogram [11] , to the spatial dependence of Y i but also to some form of similarity between adjacent units as a spatial clustering or a spatial stratification. If the units are points, for the definition of D U , we can simply resort to simple concepts of distance between sets of coordinates, but if they are polygons we should use as a distance the notion of contiguity between areal units, or it would be better to use the order of contiguity, unless we want to transform polygons into points by identifying them with their centroids. As far as linear topology is concerned, a distance measurement can not ignore assumptions about the distances between the sets of points that make up the lines. Some synthetic indexes such as the minimum and the maximum are always available while for the average, as it is necessary to calculate the area between the two lines, serious computational problems could arise. A traditional objective of most surveys is estimation of the total t Y = i∈U Y i when we assume that U is a finite population that becomes t Y = U Y i d i if U is not finite but is a continuous surface over U . In order to estimate t Y , a sample of units from U is selected by identifying their labels i on the frame, and then measures y i of their corresponding values are collected. Considering only without replacement samples, a convenient way to state this sample selection process is to assume that, for each unit i on the frame, a random vector S = {s i ; i = 1, . . . , N } is generated that is equal to 1 if a unit is selected in the sample and 0 otherwise. If the sample size is fixed then n = N i=1 s i . The distribution P S , whose support is S and in principle is under the complete control of the sampler, defines what is generally referred to as the design of the sample survey. The first-order inclusion probability that the unit i will be included in the sample is denoted by π i = S i P (S), where the term S i means that the sum is extended over those samples that contain i, while the second order inclusion probability for the units i and j is denoted as π ij = S {i,j} P (S). Within the DB estimation framework we consider P (S) as the only source of randomness, thus assuming that y i is not a random field and is not affected by any measurement error, we can define the well-known, and widely used in practical applications, Horvitz and Thompson (HT) [49] estimator for t Y ast HT,Y = i∈S y i /π i , where the term i ∈ S here means that the sum is extended over those units i that have been selected in the sample S ∈ S. The equivalent of the HT estimator, and its properties, for continuous populations was ex-tensively treated by [14] . The alternative MB estimation framework consists in assuming that the actual finite population y i is only one of the possible realizations of the random field Y i . The population total can be decomposed as the sum of two components t Y = t Y S + t YS , where Y S is the set of y i values observed in the sample while YS are the not-observed values in the remaining units of the population (S ≡ U − S). Once completed the data collection t Y S is known, and the estimation problem can be reduced to predict t YS witht YS as the sum of the predicted valuesŷ i arising from a suitable model ξ fitted to the observed data [9, 58] . It follows that, depending on which estimation approach we adopt, we should evaluate the expected value and the mean squared error (MSE) of the estimators following different criteria, when dealing with a DB approach E S t HT [11, 19] and, considering its theoretical properties and its popularity in practical applications, it is surely one the best candidate for ξ.
To select S the logic of the optimal design is conceived so that preferential sampling [18] can be used allowing explicitly for the minimization of a criterion Φ linked with some summary statistics Q, usually an utility function, arising from model ξ [61] . More formally the set of n units that constitute the sample S, and possibly a set of weights F associated to the sample, are the result of an optimization problem such as max
S,F
Q ξ [43, 45, 46] . This is a combinatorial optimization problem that can be solved through some heuristics or by using the well known Simulated Annealing algorithm that has shown to provide promising results [4] . Alternatively a design criterion motivated from Bayesian learning was suggested and estimated by MCMC [22] or, if estimation of Φ is complex as the likelihood is intractable, approximate bayesian computation showed to be a feasible solution [31, 32] . In a MB perspective, the concern is necessarily in finding the sample configuration that is the best representative of U maximizing an objective function defined over the whole set S of possible samples which, in a spatial context, will surely depend on the loss of information due to spatial autocorrelation. The resulting optimal sample is selected with certainty and is of course not advised, if we assume the randomization hypothesis that is the background for DB inference [48, 56, 60] . Moreover, as clearly stated by [12] : "A modelbased approach seems therefore necessary under preferential sampling, such as assuming a spatial-statistical model for s(·). However, this does not mean that the basic design-based notions of randomisation, stratification, and clustering cannot be used in a preferentialsampling approach, since they are all useful tools that lead to a better representation of a heterogeneous population. In particular, what happens when the model . . . does not adequately describe the spatial variability in y(·) and s(·)? The optimality . . . , and the validity of any consequent inference depends critically on the appropriateness of this model". The answer to these questions is, of course, a highly debated topic not only for theoretical but also practical reasons, starting with the evidence that if we do not assume that a model holds for the measurement errors, the potential observations over each unit of the population, being of a deterministic nature, cannot be considered as dependent. Thus it is clear that sampling schemes to be reasonably adopted for spatial units in a DB context need a suitable alternative to the concept of spatial dependence. A useful property of random samples, that of being spatial balanced, has been introduced for this purpose by [53] . To define a spatial balance index (SBI) the use of Voronoi polygons is required for any sample S. Such a polygon, for the sample unit i, includes all population units closer to i than to any other sample unit j. If we let ν i be the sum of the πv of all units v in the i-th Voronoi polygon, for any sample unit we have E(ν i ) = 1. Thus the SBI:
can be used as a measure of difference from the state of perfect spatial balance (SBI(S)=0). A sample S is considered spatially balanced when SBI(S) ≤ ω sb as every ν i should be close to 1, where ω sb is an acceptable upper bound. Note that the role played by SBI is exactly the same as Φ, it is nothing more than a criterion for assessing the suitability of S but, depending on the π i s, its use is more appropriate in a design-based framework. Anyway, its minimization would again lead to a purposive sample that would not solve the problem of randomization of S.
A way to recover the use of autocorrelation in a DB sampling strategy, or at least to restore its acceptability, is to consider that in survey design an upper bound to the sampling error is usually imposed to the auxiliary variables rather than on the target variable. This choice is usually motivated by the practitioners on the basis of the hypothesis that a survey that places its bases on specific levels of precision for a set of auxiliary variables will approximately yield the same sampling errors also for the target variable. However, in realistic cases of practical interest, this assumption is unlikely to occur and appreciable differences are often measured among the covariates and Y i . In such situations the suggested design could be incorrect as using x i as a proxy for Y i it could underestimate the sample size needed to reach a predetermined level of precision. An appealing and widely used alternative is to assume a model that links Y i to x i . The assumption underlying this solution is that it is possible to estimate the unknown parameters of such models from data collected in previous surveys. This concept of anticipated variance (AV -or anticipated MSE if the estimator is biased) was introduced by Isaki and Fuller [34] and is very useful to overcome the hitch of not being able to introduce, at least in the design of the sample, a stochastic model that can take into account the dependence of spatial units. It is defined as the average of the DB variance oft HT,Y , the HT estimator of the total of Y , under a stochastic model ξ. To predict the Y i s we assume that, for each unit i of U , a linear model ξ holds, given the known auxiliaries x i s:
where E ξ , V ar ξ , and Cov ξ denote respectively expectation, variance and covariance with respect to the model ξ, β is a vector of regression coefficients, i is a random variable with variance σ of the total of Y , under model (2), is:
The two components of (3) represent respectively the error implicitly introduced in the estimate of the totals of the auxiliary variables and the existing dependence of the population units. It is clear that uncertainty on estimates can be reduced constraining the units selected to respect the average value of the population's covariates and, assuming that autocorrelation coefficient decreases as the distance d ij between the selected units i and j increases, selecting units as far apart as possible. The logic derived from the AV criterion may, however, sound like an excuse to justify the forced introduction of a model ξ within a DB framework. In this regard, it is interesting to note that the authors of this proposal justify the designs derived from it within a MB and not DB framework [29] : "Even though we justify the method by using a superpopulation model, the inference is based on the sampling design. The HT estimator will be efficient if the population is close to a realization from the model, but the estimator maintains desirable properties like design unbiasedness and design consistency even if the model is not properly specified". Another motivation for spatially balanced samples, perhaps less forced and even less arbitrary, has been recently proposed [5] on the basis of the so called decomposition lemma, a useful though not so well-known result in sampling theory, which states that [39, p. 87]:
wherey is a vector of the expanded-values of the target variable y whose generic element is 
2 , i.e. the within sample variance according to the design P (S) (for details see [39, ch.3] ). It can be seen from (4) that a gain in the efficiency of the HT estimator can be realized either by setting the π i s in such a way thaty is approximately constant [18, p. 53] or by defining a design P (S) that increases the expected within sample variance or both. Provided that we are dealing with samples S with fixed and known π i s, the intuitive explanation for this is that, being constant the unknown variance of the population, the only way to reduce the first term in the right side of (4) is to increase the second term. Thus, we should set the probability P (S) to select a sample S proportional, or even more than proportional, to s 2 y,S . Unfortunately, this proposal risks to remain purely theoretical as this parameter is unknown being relative to the unobserved target variable y. In the spatial interpolation literature [11, 19] , it is often adopted the assumption that the distance D U is highly related to the variance of a variable observed on a set of geo-referenced units. The variogram (or semi variogram), and its shape, is a classical tool to choose how and to what extent the variance ofy is a function of the distance between the statistical units. Thus, when dealing with spatially distributed populations a promising candidate to play the role of the proxy for s 2 y,S is D U . The intuitive requirement that a sample should be well-spread over a study region is explainable if and only if there are reasons to assume that s 2 y,S is a monotone increasing function of D U . This will surely happen wheny has a linear or monotone spatial trend or when there is spatial dependence. It follows that the distance matrix D S between sample units, if appropriately synthesized through an index M D S , could be an additional criterion to play the same role as SBI and Φ and is probably much simpler and faster to evaluate. Finally, noting that the Sen-Yates-Grundy (SYG) formulation of the estimator of the sample variance:V
is very similar to the definition of the variogram, another interesting motivation to the practice to spread the sample can be derived from the assumption that, increasing the distance d ij between two units i and j, the difference (y i −y j ) 2 between the values of the survey variable is expected to increase. As a result an efficient design, to weigh less the expected most relevant differences (y i −y j ) 2 , should use a set of π ij strictly and positively related with d ij .
3 Algorithms for random selection of spatially balanced samples
The need to avoid as much as possible to include in the same sample contiguous or too close spatial units is very much felt in real periodic surveys such as those used to estimate land use and land cover [6, ch. 2] or to implement a forestry inventory [30, 41] . The strategies adopted in planning these surveys invariably invoke simple and consolidated methods of sampling theory that have the drawback of not being specifically implemented to solve this problem. These solutions often involve systematic selection with a predetermined step and a random starting point, partitioning the area in exactly n contiguous strata from which randomly pick up only one unit per stratum and multi-stage samples with primary units represented by spatial aggregates. Each of these proposals has proved not to be appropriate to capture the potential efficiencies deriving from the existence of spatial trends or dependence. The main reason for these difficulties lies in the evidence that, if the population does not lie on a regular grilling, it is almost impossible to define a sampling step in the absence of a unit order and it is highly subjective to set up a partition of the region in n parts. The choices made to overcome these shortcomings seriously affect the results. One of the first attempts to formalize the problem, increasing the amount of information collected by avoiding the selection of pairs of contiguous units, was done in the pioneering work [33] that, however, explicitly requires the introduction of an exogenous ordering of the population units. The line drawn from this preliminary work has remarkably influenced the approaches adopted in the following studies on this topic. Many algorithms, even recently proposed in the literature [53] , are primarily based on the search for a one-dimensional sorting of multidimensional units by studying the best mapping of R d in R, while trying to preserve some multidimensional features of the population, and then use this induced ordering to systematically select the sample units. The fundamental principle is to extend the use of systematic sampling to two or more dimensions, even when the population is not a regular grid. Developed by the Environmental Protection Agency (EPA) and widely used in most of its surveys, the Generalized Random Tessellation Stratified (GRTS) design [53] is mainly based on such a logic. A multilevel grid hierarchy is used to index the units through a tree structure. The two parts of the AV (3) suggested instead the use of two different classes of methods, the first derived from the restriction of the sample space considered acceptable and the second from the assumption that dependence between units decreases as their distance increases. Despite the assonance of the two names, the notion of spatially balanced samples is quite far from that of balanced samples used to denote those samples that respect the known totals of a set of auxiliary variables, their selection is made at random on a restricted supportS ⊂ S of all the possible samples [54, 55, 56] . Thus, for given π i s the set of balanced samples are defined as all those samples S for which it occurs |t HT,xc − t HT,xc | ≤ ω b , ∀ c = {1, . . . , C}, where ω b is an acceptable upper bound. These restrictions represent the intuitive requirement that the sample estimates of the total of a covariate should be as close as possible to the known total of the population. In a spatial context, this constraint could be applied by imposing that, for any S, the first p moments of each coordinate should coincide with the first p moments of the population, implicitly assuming that Y i follows a polynomial spatial trend of order p. This logic was subsequently extended to approximate any nonlinear trends through penalized splines with particular reference to the space [8] . The CUBE algorithm [10, 17] , proposed as a general (not spatial) solution, is the tool used to achieve these samples. In recent studies [5, 6] 
2 always increases. In such a situation, it is clear that the variance of the HT estimator will necessarily decrease if we set high joint inclusion probabilities to couples with very different values of the target variable as they are far each other. Following an approach based on distances, inspired by purely MB assumptions on the dependence of the stochastic process generating the data, [1] suggested a sampling strategy: the dependent areal units sequential technique (DUST). Starting with a unit selected at random, say i, at every step t < n, the selection probabilities are updated according to a multiplicative rule depending by a tuning parameter useful to control the distribution of the sample over the study region. This algorithm, or at least the design that it implies, can be easily interpreted and analyzed in a DB perspective in particular referring to a careful estimation and analysis of its first and second order inclusion probabilities. Another solution, based on a classic list sequential algorithm [54] , was suggested by [26] .
Introduced as a variant of the correlated Poisson sampling, in the SCPS (Spatially Correlated Poisson Sampling) for each unit, at every step t, it updates the inclusion probabilities according to a rule in such a way that the required inclusion probabilities are respected. The suggested maximal weights criterion, used to update the inclusion probabilities at each step, provides as much weight as possible to the closest unit, then to the second closest unit and so on. The resulting sample is then obtained in n ≤ t ≤ N steps depending on the randomness according to which the last unit is added. A procedure to select samples with fixed π i and correlated π ij was derived by [28] as an extension of the pivotal method initially introduced to select πps samples [16] . It is essentially based on an updating rule of the probabilities that at each step should locally keep the sum of the updated probabilities as constant as possible and differ from each other in a way not to choose the two nearby units. This method is referred to as the local pivotal method (LPM) and obtain a sample in, again, n ≤ t ≤ N steps. This solution has been also integrated with the balancing property, typical of the CUBE algorithm, to simultaneously minimize both the two members of the AV (3) [29] . A comprehensive review of the main spatially balanced samples selection methods can be found in [7] . According to (4) the attention should be moved to the definition of a design with probability proportional to some synthetic index M · of the within sample distance matrix when it is observed within each possible sample:
. This innovative proposal is quite dangerous because extracting realizations from the complete P (S) could make it very difficult to control or specify the π i s and the π ij s whose knowledge is required by the HT estimator to be able to yield total and variance estimates. Despite this initial difficulty it may open a very interesting window on how to use indices, such as Φ or SBI, within a DB framework. Select the whole sample with probability proportional to the index instead of maximizing or minimizing the index itself could remove all the doubts that sometimes arise from choosing the units with certainty. Interpreted in this way, this proposal could thus represent a bridge between the MB and DB frameworks to setting up a spatial sampling strategy. Among the possible summary indexes M · of the distance matrix, the most promising results were provided by M (D S ) = i∈S j =i;j∈S d γ ij introducing a design proportional to the products of the within sample distance matrix (PWD) that depends on γ, a tuning parameter that can be used without limits to increase or decrease the effects of the distance matrix on the spread of the sample over the study region. In [5] it is suggested to start with a SRS without replacement and repeatedly and randomly exchanging a unit included in the sample with a unit not included in the sample with probability equal to the exponential of the ratio between the two indexes before and after the exchange. This is an MCMC iterative procedure that for a suitable choice of the number of iterations will generate a random outcome from the multivariate distribution P (S). These procedures are quick and efficient and thus have a practical applicability in real spatial surveys if the size N of U is not prohibitive. The main reason is that they strictly depend on N in the number of attempts or steps needed to select a sample. According to the definition [54, p. 35] "A sampling design of fixed sample size n is said to be draw-by-draw if, at each one of the n steps of the procedure, a unit is definitively selected in the sample", a possible way to reduce the computational burden is to look for a draw-by-draw alternative to the listed methods. With regard to the PWD, deriving its probabilities from the product of the distance between units, a natural candidate could arise from the idea of iteratively updating, through a product, the π i s at each step. The algorithm suggested in this paper, starts by randomly selecting a unit i with equal probability. Then, at every step t ≤ n, the algorithm updates the selection probabilities π t j s of every other unit j of the population according to the rule (see Figure 1 ):
is an appropriate transformation applied to D U in order to standardize it so that it will have known and fixed products by row i =j,i∈U d ij and column i =j,j∈U d ij . Notice that, asd ii = 0 by the definition of distance, π t i will be necessarily equal to 0 for all units i already selected in the sample in previous steps, thus preventing random selection with replacement. Criterion (6) can be basically considered as a heuristic method (HPWD) to generate samples approximately with the same probabilities of the PWD but with a much smaller number of steps. From a practical point of view, the idea behind (6) is very similar to the DUST method already suggested in the literature [1] although with two substantive differences: (6) is motivated by solid theoretical bases while the DUST did not find any justifications either according to a MB or DB logic and in the HPWD it is possible to control the π i s while with DUST this is impossible with the result that the HT estimator Fig. 1 First order inclusion probabilities π t j of the HPWD of a population on a 100 × 100 regolar grid after the selection of the first t = 1, . . . , 6 units with the suggested algorithm (darker is lower and lighter is higher).
systematically yields irreparably biased estimates. In [5] it is advised that the π i s and the π ij s of the PWD follow the rules:
where k 1 , k 2 , k 3 , k 4 and k 5 are parameters mainly depending on the sample and population sizes. Notice that, to ensure the symmetry of the π ij s, the rows and columns marginal products of the distance matrix have the same parameter. From (7) it is clear that if we want to fix the π i s, it is enough to standardize the d ij s using thē d ij s specifying an appropriate standardizing function Ψ . For this role [5] suggest to iteratively constrain to known totals, the rows (or columns) sums of the logarithmic transformed matrix. When the known totals are all equal to a constant, this is known to be a very simple and accurate method to scale a symmetric matrix to a doubly stochastic matrix [36] . To verify if (7) and (8) can be used as working rules to specify the π i s we can generate as many independent replicates from HPWD as needed and the π i s and the π ij s may be estimated by the frequency with which a unit or a pair of units are selected. Theseπ i s andπ ij s can both be adopted in the estimation process instead of their theoretical counterparts [20, 21] and also modeled to verify the fit of (8). Table 1 Relative efficiency of the estimated first order inclusion probabilities CV (π i ) (9) of the HPWD estimated in 100,000 replicated samples in the 5 × 5 and 10 × 10 regular grid populations for different sample sizes and γ.
× 5
10 × 10 γ n = 5 n = 10 n = 5 n = 10 n = 20 n = 40 1 To this purpose we selected 100,000 replicated samples of size n = {5, 10} from a 5 × 5 regular grid and of size n = {5, 10, 20, 40} from a 10 × 10 regular grid by using the HPWD design with 3 different values of the parameter γ={1, 5, 10}. As far as the empirical frequencies of units in selected samples are concerned, in Table (1) are shown the values of the index:
From the results in Table ( Table ( 2) is that (8) fits enough well supporting the assumption of such a relationship between the distance and the estimated second order probabilities. However, some trends can be noticed not only in R 2 but also in the intercept (k 3 ) and in the slope (k 5 ) estimated through ordinary least squares (OLS) on a logarithmic transformation of (8) . As expected increasing γ the effects of the distance on theπ ij s are more sensible leading to a more scattered spatial distribution of the sampling units. An evidence that is mitigated by the increase of n as in this case the HPWD has less space to better spread the units. Regarding the evaluation of the π ij s we should also consider that their use is expected only in HT variance estimation and that a spatial design producing well spread samples necessarily will have very small joint inclusion probabilities for nearby units. Even though HPWD has the advantage to produce π ij s that can be shown to be always strictly positive, although it is still unbiased, the HT variance estimator could become extremely unstable if there is some very small π ij . Thus, using HPWD, the HT estimation of variance is always possible, and this is a clear advantage, but it cannot always be recommended as a good solution. In such circumstances it could be better the use of alternatives variance estimators as a MB approach to the problem [3] or the local variance estimator suggested by [52] that represents a general solution as it does not need the π ij s. Table 2 Regression parameters of the model (8) Table 3 Relative efficiency of the estimated first order inclusion probabilities CV (π i ) (9) of the HPWD in 10,000 replicated samples in the LUCAS -Emilia Romagna population, Meuse river, clustered and sparse simulated populations for different sample sizes and γ.
LUCAS -Emilia Romagna
Meuse river Sim. Clustered Population Sim. Sparse Population γ n = 100 n = 300 n = 600 n = 10 n = 50 n = 50 n = 100 n = 200 n = 50 n = 100 n = 200 
Sampling Designs Comparison on Artificial and Real Populations
In this Section the performance of the HPWD is empirically compared with respect to alternative spatially balanced designs via 10,000 sample replications, which have been carried out by using the free software environment for statistical computings R [47] . In particular, we used the following R packages: BalancedSampling [27] , and spsurvey [38] . For further details on the R codes that can be employed to randomly select spatially balanced samples, see [6, ch. 7] . As possible alternatives to the HPWD, we considered the GRTS [53] , the SCPS [26] , the LPM [28] and the PWD [5] . In addition, for PWD and HPWD, three values for the parameter γ ∈ {1, 5, 10} were tried, indicated as suffix after the acronym of the design. To be comparable each other, all these alternative designs have been used setting the first order inclusion probabilities constant and equal to n/N . The comparison between different designs has been performed by using the (RMSE) of the HT estimates as relative to the RMSE obtained when using a SRS design that is used, thus, as a scale factor to remove the known effects of the size of the population N and of the sample n on the sampling errors. It is worth noticing that in every simulation performed, as the HT estimator is unbiased, the RMSEs were always very close to the standard error of each design as the bias can be considered negligible. The experiments carried out concern both real and artificial populations. The latter are two frames of size N =1,000 generated through point processes with two different levels of clustering of the units to control the distribution of the coordinates and with different spatial features of the response variable Y i . The coordinates {x 1 , x 2 } are generated in the unit square [0, 1] 2 according to a Neyman-Scott process with intensity of the cluster centers equal to 10 [59] with 100 expected units per cluster. Two different scale parameters for cluster kernel were used {0.005, 0.03}, representing respectively an highly clustered and a sparse population of spatial units (see Figure 3 ). For each frame four possible outcomes Y i have been generated according to a Gaussian Markov Random Field with or without a spatial linear trend x 1 +x 2 +η, that explain approximately the 80% of the variance of Y i . Spatial dependence of the errors η is modeled by an exponential variogram with two intensities of the parameter {0.01, 0.1}, representing respectively medium and high dependence between units. To avoid the possible effects due to different variability, each population was finally standardized to the same mean µ Y = 5 and standard deviation σ Y = 1. To verify if n has any effect on the efficiency, from each population, samples of different size n ∈ {10, 50, 200} have been selected. One of the two real populations used is the well known case study, largely debated and analyzed in the field of geostatistics, the Meuse River data-set available in the package gstat. It is a set of 155 samples of top soil heavy metal concentrations (ppm) used in our experiments as a population, along with a number of soil and landscape variables. The samples were collected in a flood plain of the river Meuse, near the Stein village (The Netherlands). Heavy metal concentrations are bulk sampled from an area of approximately 15m × 15m. In addition to the topographical map coordinates the top soil concentrations of four metals have been used: cadmium, copper, lead and zinc. On these variables there is an high spatial autocorrelation as it is apparent from the variograms (Fig. 4) . In this population the experiment consists of selecting samples of size {10, 50}. Land is very important for most biological and human activities, it is the main economic resource for agriculture, forestry, industries, and transport. The information collected on the land deals mainly with two interconnected concepts: land cover that refers to the biophysical coverage of land (e.g. crops, grass, broad-leaved forest, or build-up area) and land use that specifies the socio-economic use of land (e.g. agriculture, forestry, recreation or residential use). It is for this reason that land use and land cover data collected by the EU survey LU-CAS has been chosen as the second real population. The Land Use/Cover Area frame Survey (LUCAS) [24] is a task by EUROSTAT that was initially designed to deliver, on a yearly basis, European crop estimates and then became a more general agro-environmental survey. Our population has been built considering 2012 as reference year and the region EmiliaRomagna in Italy as the area under investigation (see Figure 5) . The regular grid 2km×2km of points constitutes our frame population. In the LUCAS experiment three different sample sizes have been adopted {100, 300, 600} on data aggregated in 10 land cover classes. The first check that must necessarily be done before performing the estimates is related to the assurance of having respected the π i s, otherwise the HT estimator could provide extremely biased results. From the CV (π i )s (9) reported in Table ( 3) it is clear that the standardization of the distance matrix implied again as a result that the πss are approximately constant even if, with the exception of the LUCAS frame that lies on a regular grid, the error introduced is quite higher than that observed in regular grid populations. The spatial distribution of the population is thus an essential aspect to entail an efficient standardization of D U . In addition to the effects of γ and n already observed in regular grids it is possible to notice that a combination of a small sample size, an high tuning parameter and the presence of clustering in the coordinates of units in U may worryingly reduce the accuracy of the π i s. In such cases it would be advisable to proceed to a partition of the frame population in zones with a more homogeneous spatial distribution and then standardize the D U independently within each stratum. It should also be considered that the CV (π i )s that may seem high actually did not result in significant biases in the HT estimates proving its robustness to even medium-high deviations in the π i s or in their estimated counterpartπ i s. It is indeed necessary to remember that in this case we used only 10,000 sample replications instead of the 100,000 used for regular grids, and probably they are not sufficient to achieve reliable estimates for the inclusion probabilities.
Looking at Tables (4) , (5) and (6), it can be noticed that generally the HPWD gives encouraging results as it seems to handle any existing spatial data structure and effectively treat it to locate units in the study region. Clustering of the population, presence of a spatial trend and of spatial autocorrelation imply a clear direct effect on the reduction of estimation variance even though their joint impact is obviously extremely moderate. Especially a linear trend has been a valuable attribute to be exploited by our design even if very high variance decreases are also found in the presence of spatial autocorrelation, while the clustering of the population units slightly mitigate its capacity to spread the sample. Although it seems to be so sensitive to the occurrence of any of these properties it is also quite robust in case of their absence, as it always has a RMSE much smaller to that obtained using the SRS. Note that GRTS, SCPS and LPM have a similar behavior but with a lower gain in efficiency in all these situations, in particular GRTS that shows to achieve samples that are less spatially balanced than any other method. The Meuse example confirms that HPWD is at least as efficient as PWD and that all the trends found in artificial populations are also verified on this case study. The results of the LUCAS data are also very encouraging. The gain in RMSE of the estimates compared with SRS is remarkable reaching and exceeding, when n = 600 in some land cover classes, 25%. In any experiment the PWD is slightly but systematically more efficient than SCPS and LPM if used with γ ≥ 5 and sometimes a bit less efficient when used with lower exponents. The HPWD proves to be an appreciable approximation of the PWD as it always has very similar RMSEs and, in some rare cases, surprisingly better. The increase of n invariably entails an improvement in the performance of PWD and HPWD with respect not only to SRS but also to GRTS while the difference with SCPS and LPM seems to remain appreciably constant. Table (7) reports the average CPU time in seconds of a 3,06 GHz Intel Core 2 Duo used by each of the algorithms to select a sample for different populations and sample sizes. For each method the time of both the developed version using R and C ++, when available (except for the GRTS, both versions are always available), is reported. For SCPS and LPM, the R code has been extracted from the available online material included in [26, 28] . The CPU time of LPM are reported for both the suggested methods: LPM1 is slower but more accurate (used to produce any results in this article) and LPM2 is faster but less accurate. The extent to which the execution time matters, particularly if it highly depends on N and n, is not secondary to the choice of the design. It is clear that among the examined procedures the GRTS is the more computationally intensive method and that the HPWD is sensibly quicker than the other distance based methods. The time spent to select a sample gradually increases with n and only proportionally with N mainly because the number of iterations is exactly n while the time used by SCPS and the two versions of the LPM increases with N 2 . To be honest, however, this comparison is strongly influenced by the computation of D U that in PWD and HPWD is excluded from the computing times, since, having this matrix to be standardized in each application, its external calculation is required. In SCPS and LPM the distances calculation is instead included in the sample selection algorithm. Finally we can be confident that HPWD can be effectively applied without extensive difficulties even to spatial populations of large size and the only limit can be represented by the amount of memory needed to store the distance matrix.
Conclusions
The use of space as a criterion for selecting sample units from a population is a solution that promises significant developments in ecological, environmental, agricultural and forestry Table 7 Average computing time (in seconds) to select a sample based on 1,000 replications for each design and for different population and sample sizes.
surveys. In addition to collecting data on phenomena that are impossible or particularly expensive to observe with an exhaustive direct observation of the frame population, this type of surveys allows also to update existing lists frames (e.g. agricultural holdings), to use auxiliary information available only on a geographical basis (remotely sensed data), to facilitate some aspects of quality controls and to better define some concepts and nomenclatures for data dissemination (small area estimation). Recent advances in geocoding that have led to a better understanding of the position of population units have thus extended the interest in these applications by the Institutes responsible for the production of official statistics. Typical households and business surveys have been based on archives that, in addition to many administrative data, include spatial information on each single unit of the population. It also results that these institutes have to update the survey techniques adopted so far. Among these, random sample selections have seen both theoretical and practical developments in methods and algorithms, allowing us to conduct surveys efficiently on spatial populations. Their motivation is still unclear and their framing is still debated within two approaches, based on the model or on the design, formally very different but that lead to logical and intuitive choices that can be reconciled. The selection with probability proportional to the distance between sampling units seems to go in this direction with the use of the PWD method. One of the main limitations of this studies lies on the fact that only the specification of homogeneous and isotropic spatial processes can be considered by using the distance matrix as a summary of the population spatial features. The population size, however, could be a big obstacle to be circumvented as this method is based on a computationally intensive MCMC approximation of the distribution P (S) representing the sample design. Simultaneously increasing the amount of surveys on which to use these methods and information details on the phenomena to be investigated, both in terms of spatial resolution and size, it has become essential to propose a much faster alternative to PWD, the HPWD that can actually randomly select S in exactly n steps. The results of the empirical studies show that the proposed HPWD design can compete in precision with the best spatially balanced designs analyzed, while also allowing large reductions in the computational effort required. It represents an important alternative to such designs when the survey requires, as it is often the case in real situations, the use of a very large spatial population. The results obtained seem to confirm that the simplicity of a draw-by-draw scheme may also be sufficient to handle many spatial aspects of the frame population and of the collected variables. Some issues remain open for future research fundamentally linked to the theoretical derivation of π i s and π ij s when the HPWD or PWD are used. Their knowledge would enable to improve the study the theoretical properties of these designs and perhaps to derive more flexible alternatives that can be better adapted to the treatment of spatial samples repeated over time or to the selection of samples well-spread, stratified and simultaneously balanced on some auxiliaries.
